IMPORTANCE Hypoglycemia-related emergency department (ED) or hospital use among patients with type 2 diabetes (T2D) is clinically significant and possibly preventable.
A dvances in diabetes clinical care and medical treatment have reduced the risk of long-term complications and mortality for the more than 25 million Americans who have diabetes.
1 However, iatrogenic hypoglycemia associated with glucose-lowering medication use has become a critical public health and drug safety concern.
2-4
Severe hypoglycemia is defined as an event necessitating assistance from another person to actively administer carbohydrates, glucagon, or other resuscitative actions. 5 Such assistance is often rendered professionally in emergency department (ED) or hospital encounters and is captured as hypoglycemia-related utilization. 6 Whereas the risk of severe hypoglycemia is known to be elevated in patients with type 1 diabetes, the risk has been historically underappreciated among patients with type 2 diabetes (T2D), which make up most of the diabetes population. Hypoglycemia is now one of the most frequent adverse events in patients with T2D and is more common than acute hyperglycemic emergencies (eg, hyperosmolar hyperglycemic state), 7 particularly among older patients and those with a longer history of diabetes.
8 One in 4 emergency hospitalizations for adverse drug events is related to hypoglycemia, and these rates are higher in older patients. 9 Severe hypoglycemia has been associated with falls and automobile accidents, 10 cardiovascular autonomic dysfunction and ventricular arrhythmia, 11 dementia, 12 and death. 13, 14 Patients report that fear of hypoglycemia can dissuade them from initiating newly prescribed insulin. 15 Hypoglycemia is also strongly predictive of poorer health-related quality of life 16 and more diabetes distress.
17
Hypoglycemia-related utilization is costly; total annual direct medical costs were estimated at approximately $1.8 billion in 2009 in the United States.
18
The risk of hypoglycemia varies widely in patients with T2D.
19 Whereas interventions to prevent hypoglycemia exist, [20] [21] [22] [23] [24] there are no validated methods to target these interventions efficiently. Accordingly, we developed and validated a hypoglycemia risk stratification tool to categorize 12-month risk of hypoglycemia-related emergency department (ED) or hospital use among patients with T2D. This study was approved by the institutional review boards of Kaiser Permanente, the Bedford Veterans Health Administration, and Group Health Cooperative; the requirement that informed consent be obtained from study participants was waived.
Methods

Study Design
We used a prospective cohort study design to develop a risk tool to categorize the 12-month risk of hypoglycemia-related ED or hospital use. Selection of prebaseline candidate predictors was based on a literature review of clinical risk factors associated with hypoglycemia and limited to data typically available in electronic medical records (EMRs). We derived and internally validated this tool in a split sample (4:1) of 206 435 adult patients with T2D in an integrated health care delivery system (Kaiser Permanente Northern California [KPNC] ) using clinical and demographic data from EMRs. We used recursive partitioning in the derivation sample to create a risk classification tree. The classification tree leaf nodes were further categorized into high-, intermediate-, or low-risk groups on the basis of predicted risk and then transcribed into the hypoglycemia risk stratification tool. After testing the tool in the internal sample, we conducted external validation in 2 completely independent samples of patients with T2D from the Veterans Administration Diabetes Epidemiology Cohort (DEpiC) (VA sample, n = 1 335 966) 25 and from Group Health Cooperative (GH sample, n = 14 972).
Study Population
Using EMR data from KPNC, we identified 233 330 adults (≥21 years as of the baseline date of January 1, 2014) with diabetes with continuous health plan membership for 24 months prebaseline and pharmacy benefits for 12 months prebaseline. We excluded 24 719 patients with unknown diabetes type and 3615 with probable type 1 diabetes according to an algorithm (based on age of onset <30 years and use of insulin alone 26 ). The remaining 206 435 eligible patients with T2D were randomly split into an 80% derivation sample (n = 165 148) for tool development and a 20% internal validation sample (n = 41 287). Similar eligibility criteria were applied in the creation of the 2 external validation samples.
Outcome
Our outcome was the occurrence of any hypoglycemiarelated ED or hospital use during 12 months postbaseline. This was defined by having any ED visit with a primary diagnosis of hypoglycemia or a hospitalization with a principal diagnosis of hypoglycemia. Hypoglycemia cases were ascertained according to a validated definition 27 (any of the fol- 
Statistical Analysis
We used standard methodology for model development including a split sample and internal and external validation.
30-33
We first regressed the outcome (any hypoglycemia-related utilization) on each of the 156 candidate predictors using univariate logistic regression models to generate odds ratios. We selected candidate variables that had a resulting P < .10. We then used recursive partitioning (using SAS JMP, version 12 34 ) on the selected candidates to construct a binary classification tree to predict the occurrence of at least 1 hypoglycemiarelated utilization episode 12 months postbaseline. Recursive partitioning is widely used to generate clinical decision support tools. 32, 35, 36 This method uses a machine-learning, nonlinear, and nonparametric approach to split ("partition") events into pairs of subgroups based on continuous or categorical predictors, and has the unique advantage that it identifies complex nested interactions, unlike linear modeling methods. Recursive partitioning also optimizes cut points rather than relying on prespecification. Thus, the resultant classification tree identifies predictors that may be important for 1 segment of the population but not others, as well as identifying critical thresholds in continuous or ordinal predictors. We pruned branches from the classification tree in an attempt to optimize predictive accuracy (performance), model simplicity, practicality of implementation, and intuitive clinical interpretation. 31, 33 Overly complex models (overfitting), while potentially offering somewhat greater precision, may be less practical, increase the decision and classification costs (expense and time of compiling the predictors), and introduce propagated error associated with predictors measured with uncertainty.
Validation Studies
Model accuracy was assessed in the internal validation sample using standard metrics. 30-32(pp255-310) ,37-39 Discrimination, the ability of a model to accurately distinguish between subjects who do vs do not develop the outcome, is based on the area under the receiver-operator curve (C statistic), with greater than 0.7 classified as good discrimination. We also visually assessed calibration (the extent to which the predicted risks overor underestimate the observed risks) using calibration plots.
Given that our goal was not to quantify the numeric probability of a hypoglycemia episode for a given patient but rather to stratify our population into categories of risk, we focused on model discrimination over calibration. 33, 40 We further evaluated components of generalizability 33, 39 (ie, reproducibility in patients not used for the derivation of the model) and transportability (practical application in different settings) in the 2 external primary care T2D populations (VA and GH samples). 32, 33, 41 Because these samples included a different disease severity and case mix of patients with T2D from distinct geographical locations with different methods for identifying patients with diabetes, the validation exercises also tested the spectrum, geographic, and methodological transportability of the model.
32,33
Sensitivity Analyses
We developed this risk stratification tool using all of the patients' available medical histories at KPNC (up to 18 years); however, long enrollment may be uncommon in other health care settings. Thus, we conducted further analyses to evaluate whether our tool was sensitive to restrictions in available length of enrollment (prebaseline period transportability 33 ). We also evaluated temporal sensitivity (historical transportability
33
)of the tool by applying it to KPNC data in the subsequent year (using a baseline date of January 1, 2015). This tool was optimized for patients with T2D, and because not all health care settings can reliably determine diabetes type from their EMR, we also evaluated tool performance when patients with type 1 diabetes were included (ie, sensitivity to misclassification). Finally, as a measure of ecological validity of this tool, we evaluated the association between the predicted level of risk of hypoglycemia-related utilization and actual, self-reported severe hypoglycemia events based on a 2005 survey 42 of 15 231 patients with T2D.
Results
Model Selection
The final classification tree was based on 6 patient-specific variables: total number of prior episodes of hypoglycemiarelated ED or hospital utilization (0, (Figure 2 ). This tool instructs the user to identify only 1 of 6 mutually exclusive options, where the first 5 are each defined by a unique combination of predictor variables, and the sixth option is indicated only after ruling out all other options (eTable 2 in the Supplement provides the source code).
Patient Characteristics
We compared the distribution of the 6 predictor variables in our derivation and validation samples ( Table 1) . There were no significant differences in the distribution of the 6 predictors between the KPNC derivation vs validation samples, but there were significant differences across external validation samples. The proportion of men and women was similar in the KPNC and GH samples, while the VA sample was predominantly men. The mean age was similar across sites, although the proportion older than 77 years was greater in the VA (24.6%), followed by KPNC (17.8%), and GH samples (13.2%). The VA sample had the highest proportion of patients with severe or end-stage kidney disease (3.7%), and 3 or more prior hypoglycemic events (0.4%) vs 2.0% and 0.1%, respectively, in GH. Insulin use was lower in the KPNC samples (20.3%) compared with the GH (30.9%) and VA samples (30.2%). Sulfonylurea use was higher in the KPNC samples (34.9%) compared with the VA (25.0%) and GH (22.5%) samples. The observed annual rate of hypoglycemia-related utilization was lower in GH patients (0.30%) compared with the KPNC derivation sample (0.49%) and the VA (0.51%).
Model Validation
Internal validation of the classification tree model indicated high discrimination (C statistic = 0.83) and good calibration (no significant differences between predicted and observed risk: Pearson χ 2 goodness-of-fit P = .31) ( Table 2 ). The odds ratios of hypoglycemia-related utilization among those categorized as high relative to low risk were large in each sample: KPNC internal validation sample (34.6; 95% CI, 24.2-49.3), VA (23.3; 95% CI, 21.9-24.7), and GH (20.7; 95% CI, 8.6-45.0; P < .001).
The tool also performed well in terms of discrimination in the external validation samples (VA C statistic = 0.81; GH C statistic = 0.79). Visual inspection of the calibration plots showed a reasonable match between the predicted and observed risk of hypoglycemia-related utilization within the 10 leaf nodes ( Figure 3) . However, the tool somewhat overestimated risk among the leaf nodes in the intermediate-and higher-risk categories in the external validation samples.
Sensitivity Analyses
In the sensitivity analyses for length of available medical history, good discrimination was confirmed despite shorter medical history (C statistic = 0.82, 0.83, 0.84 for ≤2, ≤5, and 27 The classification tree was developed using the 808 out of 165 148 T2D adults (derivation sample) from Kaiser Permanente who had such utilization (4.9 events per 1000 person-years) in 2014. The classification is based on 6 predictor variables from the electronic medical record and resulted in 10 mutually exclusive leaf nodes. The criterion for each node is displayed with the corresponding number of individuals (n) who met that criterion. The 12-month observed rate of any hypoglycemia-related ED or hospital use is displayed in each leaf node and categorized as high (>5% risk), intermediate (1%-5% risk), or low risk (<1% risk). CKD indicates chronic kidney disease.
≤10 years, respectively). We then evaluated temporal sensitivity (historical transportability 33 ). There was good discrimination (C statistic = 0.83) even after KPNC experienced a significant 21% increase in the rate of hypoglycemia-related utilization (0.48% vs 0.59% for 2014 and 2015, respectively). We also evaluated sensitivity to misclassification of diabetes type by including all diabetes patients in our sample and found good discrimination (C statistic = 0.84).
In the assessment of ecological validity, there was a strong association between predicted risk of hypoglycemia-related utilization and self-reported severe hypoglycemia (ie, hypoglycemia necessitating assistance in the past 12 months). Patients categorized as high risk by the tool were 5 times more likely (49.7% vs 9.2%; P < .001) to self-report a severe hypoglycemic episode relative to those categorized as low risk.
Discussion
Health care systems currently lack an evidence-based method for efficiently and systematically identifying patients with T2D at risk of hypoglycemia-related ED or hospital use. We developed and validated a pragmatic hypoglycemia risk stratification tool that uses 6 factors to categorize the 12-month risk of hypoglycemia-related utilization. This tool uses EMR data only and requires no patient contact; it offers an efficient, low-cost approach for identifying patients for targeted interventions to reduce their risk of hypoglycemia. 21, [44] [45] [46] [47] [48] Because of the harms and costs associated with hypoglycemia, high-risk patients are candidates for an elevated level of scrutiny. Identifying medication overtreatment 49-51 and including hypoglycemia rates as a health plan-level quality measure have been recommended to drive accountability and quality improvement.
52-54
This tool is intended to offer a practical method to risk stratify patients for population management. For example, intensive interventions aimed at reducing hypoglycemia risk could be targeted at the minority of patients with T2D in the high-risk category (2% of patients with diabetes at KPNC). These interventions could include deintensifying or simplifying medication regimens, addressing impaired hypoglycemic awareness, prescribing glucagon kits or continuous glucose monitors, making referrals to clinical pharmacists or nurse care managers, providing additional diabetes education, and regularly asking about hypoglycemia events occurring outside the medical setting. Clinician discussions could address potential contributors to hypoglycemia, including behavioral (eg, meal skipping 55 ), psychosocial (eg, food insufficiency 56,57 ), or socioeconomic (eg, deprivation 58 ) factors. Similarly, a lower-cost, less intensive intervention could be designed for patients in the intermediate-risk category (11% at KPNC). The intervention could include system-level structural modifications such as risk-based glycemic targets, automated clinical alert flags in the EMR, and automated messaging to patients with elevated risk. Moreover, the tool could be modified to identify specific subsets of risk groups such those with 3 or more hypoglycemia-related ED or hospital encounters whom our model identifies as having the highest risk. In an internal review of EMRs of KPNC patients with T2D, hypoglycemia was absent from the problem lists in 85% of patients categorized by our tool as being at high risk, underscoring the potential for this tool to increase clinicians' awareness of the risk of hypoglycemia in their patients with T2D.
Limitations
Some limitations should be noted. The final classification tree was one of many possible options, chosen on the basis of performance (eg, C statistic), parsimony, and pragmatism (eg, we excluded predictors that are typically unavailable, impractical, or costly to assess in usual care settings). In developing the model, we excluded secondary discharge diagnoses for hypoglycemia because these events may occur during the ED or hospital encounter (eg, inpatient insulin management, sepsis, acute renal failure 28 ), rather than being a cause of the encounter. On the other hand, hypoglycemia could be a secondary diagnosis if the primary or principal diagnosis is trauma due to an automobile accident or a serious fall caused by hypoglycemia. Although we did not include those events in our model development, we estimate that this would include less than 2% of ED encounters (data not shown). When validating this model, we emphasized discrimination rather than calibration given that our goal was to risk stratify patients into broad categories rather than predicting the continuous level of risk.
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Thus, while the tool successfully stratifies the population into 3 levels of risk, it should not be used to estimate the probability of hypoglycemic-related utilization for an individual patient. Discrimination performance of the tool was validated internally and externally in 2 large, independent populations, suggesting generalizability. Geographic, methodologic, and spectrum transportability were also demonstrated because these external validation populations were from different geographical locations, used differing methods of caring for and identifying patients with T2D, and had different distributions of disease severity and case mix. While the observed rates of hypoglycemia-related utilization were lower in GH (0.3%) and somewhat higher in VA (0.51%) compared with KPNC sample (0.49%), the tool had good discrimination in all 3 samples. Some of the inconsistent findings are attributable to sparse data in the GH validation sample; only 45 events were observed during followup. It is also possible that the 2 external sample populations may experience more prevention efforts than at KPNC, explaining the somewhat lower than expected risk in higher-risk patients in the validation samples. The tool was designed to predict hypoglycemia-related utilization and thus did not take into account severe hypoglycemia occurring outside the health care system (roughly 95% of hypoglycemic events necessitating thirdparty assistance are treated by persons other than medical professionals, eg, friends or family 61, 62 ). However, we demonstrated a strong and significant association between the tool's stratification of the risk of hypoglycemia-related utilization and a patient's self-reported severe hypoglycemia events. Therefore, we believe that preventive interventions targeting patients identified as high risk by this tool may reduce the rate of severe hypoglycemic events that do not result in utilization or clinical recognition. Finally, the tool also proved robust in internal validations when patients with type 1 diabetes were included and when the availability of longitudinal EMR data was restricted. This risk stratification tool was developed and validated in 3 vertically integrated health care delivery systems (KPNC, GH, and the VA). The tool logic may be programmed into a system's EMR to allow for automated risk stratification based on the EMR data. Practical barriers may complicate implementing this tool for population management in horizontally integrated or nonintegrated health care delivery systems, for example, where pharmacy claims may not be readily available. ; rates were calculated as the number of patients with any hypoglycemia-related utilization during the year per 1000 patients. b P value from Pearson χ 2 goodness-of-fit test. For each leaf node in the classification tree, we multiplied the number of patients by the predicted rate of hypoglycemia events to generate the number of expected events in that node. We then summed the expected events from all nodes within each of the 3 risk levels to obtain expected event counts by risk level. The expected rates for each 3-level stratum will therefore vary between samples due to case-mix differences.
Identifying Patients at Risk of Hypoglycemia-Related Use
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Conclusions
This tool offers a practical, EMR-based method to stratify patients with T2D by their 12-month risk of hypoglycemiarelated ED or hospital utilization. This tool could be integrated with targeted preventive interventions to facilitate population management, which ultimately could reduce future hypoglycemia risk and improve patient safety. The 2 criteria indicating high risk are easily memorized (ie, ≥3 previous episodes of hypoglycemia-related utilization, or 1 or 2 episodes if treated with insulin). The criteria for intermediate risk are more nuanced and therefore may be less likely to provoke clinical action in primary care without prompting. Health care systems could adopt a 2-level intervention, with intensive (more expensive) interventions reserved for high-risk patients and less intensive (lower cost) interventions for the intermediate-risk patients. Implementation of this tool could conceivably increase clinician awareness of patients' hypoglycemia risk. Clinical researchers may also find this tool helpful in identifying patients at high risk for hypoglycemic episodes for either purposeful inclusion or exclusion in clinical trials of novel therapies and diagnostic tests. Quality improvement and impact studies 29 are needed to evaluate whether and how implementation of this hypoglycemia risk stratification tool may influence clinician behavior, patient decision making, drug safety, and hypoglycemia incidence. Future research is needed to develop patient-centered and costeffective interventions to reduce hypoglycemia risk in those identified as being at high risk for hypoglycemia. Predicted Rate, % 2 a Hypoglycemic-related utilization was defined by having any emergency department visit with a primary diagnosis of hypoglycemia or a hospitalization with a principal diagnosis of hypoglycemia. Hypoglycemia cases were ascertained with any of the following International Classification of Diseases, Ninth Revision, codes: 251.0, 251.1, 251.2, 962.3, or 250.8, without concurrent 259.8, 272.7, 681.XX, 682.XX, 686.9X, 709.3, or 731.8 codes. 27 Medicine, University of California, San FranciscoeTable 1. Candidate variables* evaluated in our classification tree modeling.
*Includes 156 categorical and continuous candidate variables; all data collected from the electronic medical record at or prior to baseline unless otherwise indicated. For several of the variables, we tested multiple, alternative specifications for model development (e.g., chronic kidney disease). Daily insulin injection frequency based on dispensing *** NAME VARIABLE TYPE ***; *** ------------------------------------------***; *** PRIOR_HYPO BINARY ***; *** PRIOR_HYPO_GE3 BINARY ***; *** INS BINARY ***; *** SULF BINARY ***; *** AGE_GE77 BINARY ***; *** CKDST_45 BINARY ***; *** ED_CNT_GE2 BINARY ***; *** ***; *** NOTE: NO MISSING VALUES ALLOWED. THESE VARIABLES ARE ***; *** CREATED IN THE FIRST STEP OF THE CODE BELOW ***; *** FROM THE SOURCE DATA VARIABLES. ***; **************************************************************; *** FORMATS USED ***; PROC FORMAT; VALUE RISK_GROUP 1 = '[1]LOW' 2 = '[2]INTERMEDIATE' 3 = '[3]HIGH'; RUN; ********************************************; *** CREATE DATASET WITH RISK CATEGORIES ***; ********************************************; DATA WORK.HYPODATA ; SET LIBNAME.DM_COHORT; 
Categorical variables
